Abstract: 1. Demographic rates are shaped by the interaction of past and current environments that individuals in a population experience. Past environments shape individual states via selection and plasticity, and fitness-related traits (e.g. individual size) are commonly used in demographic analyses to represent the effect of past environments on demographic rates. 2. We quantified how well the size of individuals captures the effects of a population's past and current environments on demographic rates in a well-studied experimental system of soil mites. We decomposed these interrelated sources of variation with a novel method of multiple regression that is useful for understanding nonlinear relationships between responses and multicollinear explanatory variables. We graphically present the results using area-proportional Venn diagrams. Our novel method was developed by combining existing methods and expanding upon them. 3. We showed that the strength of size as a proxy for the past environment varied widely among vital rates. For instance, in this organism with an income breeding life history, the environment had more effect on reproduction than individual size, but with substantial overlap indicating that size encompassed some of the effects of the past environment on fecundity. 4. This demonstrates that the strength of size as a proxy for the past environment can vary widely among life-history processes within a species, and this variation should be taken into consideration in trait-based demographic or individual-based approaches that focus on phenotypic traits as state variables. Furthermore, the strength of a proxy will depend on what state variable(s) and what demographic rate is being examined; that is, different measures of body size (e.g. length, volume, mass, fat stores) will be better or worse proxies for various life-history processes. population's past and current environments on demographic rates in a well-25 studied experimental system of soil mites. We decomposed these interrelated 26 sources of variation with a novel method of multiple regression that is useful for 27 understanding nonlinear relationships between responses and multicollinear 28 explanatory variables. We graphically present the results using area-29
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proportional Venn diagrams. Our novel method was developed by combining 30 existing methods and expanding upon them. 31 3. We showed that the strength of size as a proxy for the past environment varied 32 widely among vital rates. For instance, in this organism with an income 33 breeding life-history, the environment had more effect on reproduction than 34 individual size, but with substantial overlap indicating that size encompassed 35 some of the effects of the past environment on fecundity. 36 4. This demonstrates that the strength of size as a proxy for the past environment can 37 vary widely among life-history processes within a species, and this variation 38 should be taken into consideration in trait-based demographic or individual-39 based approaches that focus on phenotypic traits as state variables. Favorable past and current environments lead to better individual states and 111 thus enhanced demographic rates, but a favorable past environment increases 112 population density and can thus reduce the quality of the current environment. The 113 interdependencies of body size, current environment, and past environment (Fig. 1)  114 cause multicollinearity (i.e., correlation) among explanatory variables in regression 115 models that makes it difficult to disentangle the effects (Graham 2003) . To 116 disentangle the influence of body size, the current environment, and the past 117 environment, we have used a novel procedure based on the practice of fitting all 118 possible subsets of these multicollinear explanatory variables (Chevan & Sutherland 119 1991; Graham 2003; Murtaugh 2009 ). We modeled potentially nonlinear effects of 120 these explanatory variables on demographic rates using splines (Dahlgren, Garcia & 121 Ehrlén 2011). We teased apart the overlap in explanatory power by comparing the 122 proportion of deviance explained (a generalization of r 2 , Wood 2006) from models 123 with all subsets of explanatory variables. Overlap in explanatory power is a result of 124 multicollinearity among the explanatory variables, caused by the interdependencies 125 described above. This method is novel because it disentangles multicollinearity in 126 nonlinear splines in a way previously used for linear models (Ip 2001) . Also, this 127 paper is the first to plot the results of this decomposition using area-proportional Venn 128 diagrams which are visually intuitive (Micallef & Rodgers 2014) . Our goal was to 129 quantify how well the past and current environmental effects on demographic rates 130 were represented by body size, and how much variation was left to be explained. 131
In the past, researchers have attempted traditional time series decomposition of 132 measured phenotypes in Sancassania berlesei and how they change over time (Benton 133 et al. 2005 ) but this is complex because the importance of the past environments vary 134 over time in a way that is itself context dependent (Beckerman et al. 2003; Plaistow et 135 al. 2006; 2007) . So standard linear time series models are not informative. Our new 136 method of decomposing the variability in demographic rates is therefore valuable as it 137 can highlight the importance of processes that we know to be sensitive to conditions 138 in complex ways. Most importantly, it challenges one major assumption underlying 139 recently popular trait-based demographic models: that a focal state variable such as 140 body size captures the effects of past and current environments on the individual's 141 performance, and acts as a memory mechanism to project the individual performance 142 to future time steps. By using a well-studied system we can benchmark the 143 performance of the new technique. If the technique produces results that match our 144 detailed understanding of this model system, we can have confidence that it has utility 145 for studying systems where the background knowledge is lower. 146
In the following text, we first describe our methods including the experiment 147 for our soil mite case study and then statistical analyses including hypothesis testing 148 and variance decomposition. Then we present results from the case study and divide 149 our discussion into a soil mite specific discussion and a discussion of the general 150 applicability of our method for both demographic and general ecological studies. 151
Materials and methods

152
Experimental Methods 153
The goal of our experiment was to observe how population dynamics and 154 individual demographic rates change in response to vastly different environments that 155 should induce selection, plasticity, and maternal effects. 156
Populations of soil mites were raised in 22 mm diameter tubes for nine weeks 157 in four environments: one constant (control) and three varying (famine, declining, and 158 fluctuating). Famine and fluctuating populations experienced abrupt changes in their 159 food (Fig. 2) . The experimental timespan is approximately two times the generation 160 time of soil mites maintained in food conditions similar to our control treatment 161 (Ozgul et al. 2012; Cameron et al. 2013) . Treatments differed in the amount of food 162 provided and subsequently, population densities naturally varied accordingly (Fig. 2) . further descriptions of starting body size, current environment, and past environment 220 (Fig. 1 ). For clarity, we consistently refer to these four components as "explanatory 221 variables". Alternatively, we use "covariates" to refer to the observed variables 222 included in the smooth functions that make up these explanatory variables. 223
The explanatory variable "body size" (i.e., starting body size) was a smooth 224 function of an individual's observed body size at the start of the 24-hour monitoring 225 period. Throughout this text, all discussions of the explanatory power of body size are 226 referring to this starting body size explanatory variable. 227
The explanatory variable "current environment" was a two-dimensional 228 smooth function of the most recent estimate of (i.e., within the past 24 hours) 229 population density and food supply (used here to mean food given divided by density; 230 density and food supply are further described below). Two-dimensional smooth 231 functions allow for nonlinear effects of the covariates and their interaction. The fit of 232 a two-dimensional smooth function results in a three-dimensional nonlinear surface, 233 the height (i.e., third dimension) of which represents how the response variable 234 changes with the covariates. We assumed that the current environment experienced by 235 an individual is an interaction between the population density and the available food. 236
Population density (per tube) was calculated as the number of individuals in a given 237 stage times the average body size in that stage, summed across all stages, except eggs, 238 to account for asymmetric competition. See appendix S2 for details of our density 239 calculations. Food supply (food given divided by density, i.e., mg food per mm body 240 length) was used as a covariate (as part of the current environment smooth function) 241 instead of absolute food because preliminary analyses indicated that it was a better 242 predictor of all demographic responses. 243
The explanatory variable "past environment" was a treatment intercept and a 244 smooth function of the day of each treatment. When specifying a smooth function of a 245 continuous variable by a categorical variable in a GAM (as in our past environment 246 by treatment), it is usually necessary to include a separate intercept for that categorical 247 variable. Our treatment intercepts are parameterized in the standard way with the 248 control treatment as a baseline and other treatments as contrasts. The smooth 249 functions of time are not tied to any informative covariates and can take any nonlinear 250 shapes that are smooth through time and thus account for cumulative changes in 251 demographic responses that arise through selection, plasticity, or parental effects. This 252 flexibility can incorporate the cumulative effects of the environment up to the moment 253 a demographic response is observed which encompasses much of what we call the 254 "current environment" i.e., the most recently estimated population density and food 255 supply. Thus, effects of the environment before this "current environment" should be 256 evident in explanatory power from the "past environment" that does not overlap that 257 of the "current environment". The "past environment" spline was defined in such a 258 flexible way so that, in a full model with all explanatory variables, it can pick up any 259 population level patterns not explained by individual body size, population density, or 260 food supply. This implies that, given two individuals of the same body size in the 261 same current environment in different treatments or different times in the same 262 treatment, we assume that any differences in their demographic rates are caused by 263 differences in their past environments. It is possible that there are aspects of the 264 current environment that differ, but are not incorporated into our current environment 265 spline. So this interpretation of the residual patterns is not strong evidence but a 266 means of generating hypotheses that could be tested with further experiments that are 267 more mechanistic. 268
For example, the full GAMM fit to egg counts (fecundity) contained a smooth 269 function of starting body size, a treatment intercept, a smooth function of the day for 270 each treatment, a two-dimensional smooth function of the population density and food 271 supply, and a random effect of population. The hypothesis represented by this model 272 is that an individual's fecundity depends on its current access to food and the body 273 size of that focal individual (which determines its competitive ability). However, the 274 allocation strategy of individuals in some treatments or time points of treatments may 275 differ from individuals of similar size in similar current environments due to differing 276 past environmental experiences. These differences due to past environmental 277 experiences should appear in the non-overlapping explanatory power of the past 278 environment spline. 279
To be clear, as part of the GAM fitting procedure, the smooth functions 280 For each demographic response separately, we fit the full GAMM containing 289 all explanatory variables described above. We applied Wald-type tests to the full 290 GAMM (Wood 2013b); these are p-values indicating the strength of evidence against 291 the null hypothesis that explanatory variables have no influence. We also examined all 292 submodels of the full GAMM using information theory and results were similar to the 293 Wald-type tests; the details including R code can be found in appendix S3. 294
For demographic responses whose supported explanatory variables contained 295 starting body size, current environment, or past environment we calculated the 296 explanatory power of each of these and their overlap. We focused on these 297 explanatory variables because they were relevant to all responses whereas life-history 298 stage only applies to some responses and may not apply to all species. Unlike models 299 that tested for effects, to simplify the interpretation of explanatory power, these 300 contained no random effect. It is possible to expand this method to apply to mixed 301 models, but this is beyond the scope of this paper (Nakagawa & Schielzeth 2012) . 302
We fit GAMs with all subsets of the supported explanatory variables. We calculated 303 we used penalized thin-plate regression splines that tend to give the best mean squared 326 error (Wood 2003; 2013a) . All continuous covariates except day were standardized to 327 have mean zero and unit variance. We allowed smooth functions of starting body size, 328 current environment, and past environment to have a maximum of five, ten, and ten 329 knots respectively. Five knots for the effect of starting body size were previously 330 discussed by (Dahlgren et al. 2011 ). Because current environment was a two-331 dimensional spline, we assumed it might need more knots. Examination of the 332 responses (Fig. 3) suggested that they might be more flexible through time (i.e., past 333 environment). The mgcv package automatically reduces the flexibility of splines 334 based on maximum likelihood using the Laplace approximation. All models used 335 typical distributions and link functions for the responses as follows: final body size 336 was Gaussian (identity link); stage transition was binomial (logit link); reproduction 337 was binomial (logit link); non-zero fecundity minus one was Poisson (log link); 338 survival was binomial (logit link). 339
340
Results
341
In each experimental environment, demographic responses varied through 342 time and with some consistency between the two replicate populations (Fig. 3) . Wald-343 type tests applied to the full model indicated that starting body size and the current 344 environment had effects on most demographic rates (Table 1) . Development and 345 reproductive rates were higher for individuals with larger body sizes and in 346 environments with higher food supply (appendix S5). Higher density decreased 347 growth and reproductive rates, but had a positive effect on transition probability with 348 marginal significance (Table 1 and appendix S5). While controlling for the effects of 349 body size and the current environment, declining and fluctuating environments also 350 caused temporal patterns for some demographic rates (Table 1 and appendix S5). 351 
Power of supported explanatory variables 376
The best explanatory variable of growth and stage transition was body size (Fig. 4) . 377
Both reproductive rates depended more on the environment than on female body size 378 (Fig. 3) . Body size encompassed almost all of the explanatory power of the current 379 and past environments for growth (0.99); 0.27 and 0.26 respectively for stage 380 transition; 0.39 and 0.34 respectively for reproduction; and 0.47 and .48 for fecundity 381 (numbers are proportion of explanatory power overlapping). See Appendix S4 for 382 explanatory power calculations. As is common for variance decompositions, some 383 shares came out slightly negative so we rounded these to zero for graphing in when competition for food is very low (Benton et al 2005) . In the fluctuating 462 treatment, competition for food was very low at the beginning of the second peak of 463 food availability, when density was low, leading to a peak of fecundity and generating 464 a new cohort of juveniles born under even higher densities. 465
As expected, our results indicate that females adjusted their reproductive effort 466 according to their environment more than their current body condition (Fig. 4) . 467
Reproduction increased with food availability, which was especially evident in the 468 fluctuating environment where a ten-fold rise in reproduction coincided with a spike 469 in food supply (Figs 2 and 3) . For both reproductive rates, the explanatory power of 470 the environment not encompassed by body size was substantial (Fig. 4) . Under these 471 experimental conditions, female soil mites were on the income breeding end of the 472 income to capital breeding life-history continuum, relying more on current income 473 than on stored resources for reproduction (Stearns 1989 ). However, we know that 474 under conditions where food differs radically between different parts of the life-475 history, females raised in low food environments are lower quality and when given 476 excess food as adults are much less fecund than females raised in high food 477 environments (Beckerman, Benton et al. 2003) . It is possible that the duration of our 478 fluctuating food experiment was not long enough to observe the effects of this. 479
We hypothesized in Fig. 1 significance. Although our experimental design did not allow for collection of further 500 data, the estimation of some of the vital rates can be improved by increasing the 501 sample sizes in future experiments (Fig. 3) . 502
General applicability 504
The soil mite S. berlesei is an attractive model system because much is known 505 about the potential interplay between current and past environments in determining 506 phenotypic variation (Beckerman et al. 2003; Plaistow et al. 2006; 2007) ; yet a 507 critical conclusion from the detailed work on individuals under controlled conditions 508 is that the interaction between current and past environments to determine the 509 phenotype is itself highly plastic. The purpose of this investigation was not to develop 510 a mechanistic understanding of an already well-studied system. Instead, this new 511 variance decomposition method is useful because it is a way of generating an overall 512 picture across a range of environments, of the average interplay between historical 513 and current drivers of phenotypic dynamics. 514
More generally, this method is useful for examining the shared and unique 515 contributions in multiple regression beyond demographic studies, including linear and 516 generalized linear regression. Researchers often wonder which explanatory variables 517 have the greatest influence on their responses − a complicated issue when there is 518 multicollinearity among explanatory variables (Graham 2003) . The method described 519 by Ip (2001) and used here for intuitively visualizing the shared explanatory power 520 and interdependence of variables has not yet been adopted by the ecological literature. 521
Here we have expanded upon this method by applying it to nonlinear regression using 522
GAMs rather than linear regression and presenting the results using area-proportional 523
Venn diagrams (Micallef & Rodgers 2014) . We propose this method as a technique 524 complementary to those discussed by Graham (2003) , including principal components 525 regression, structural equation modeling, and residual and sequential regression. 526
Future work could extend this method further to include confidence intervals 527 estimated by bootstrapping. 528
In demographic studies, there are more mechanistic ways of quantifying the 529 effects of the environment and individual states on life-history processes and 530 population dynamics than our method. More mechanistic methods will lead to 531 stronger inference and the ability to make predictions. These include physiologically 532 structured population models which characterize individuals based on multiple 533 physiological traits such as their size, age, stage, and energy reserves (de Roos 1997). 534
They also include mechanisms such as the consumption and digestion of resources. 535
These models require either data detailed enough to parameterize or a priori 536 assumptions about the underlying physiological mechanisms. As is the case in most 537 experimental and wildlife population studies, we did not have such detailed data 538 available in this study. However, our non-mechanistic model has the strength of being 539 flexible enough to apply in these data-limited situations and will be useful for 540 identifying patterns and generating hypotheses that can later be explored with more 541 mechanistic models and experiments with more detailed data collection. 542
The demographic method presented here can be applied to any dataset in 543 which an individual state variable, individual fates, and relevant environmental 544 covariates are available for a population in a variable environment, including data 545 from wild plant and animal populations e.g., St John's wort ( 
